ABSRACT: Ice and snowmelt feed the Indus and Amu Darya rivers, yet there are limited in situ 15 measurements of these resources. Previous work in the region has shown promise using snow 16 water equivalent (SWE) reconstruction, which requires no in situ measurements, but validation 17 has been a problem until recently when we were provided with daily manual snow depth 18 measurements from Afghanistan, Tajikistan, and Pakistan by the Aga Khan Agency for Habitat 19 (AKAH). For each station, accumulated precipitation and SWE were derived from snow depth 20 using the SNOWPACK model. High-resolution (500 m) reconstructed SWE estimates from the 21
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ParBal model were then compared to the modeled SWE at the stations. The Alpine3D model was 22 then used to create spatial estimates at 25 km to compare with estimates from other snow 23 models. Additionally, the coupled SNOWPACK and Alpine3D system has the advantage of 24 simulating snow profiles, which provide stability information. Following previous work, the 25 median number of critical layers and percentage of facets across all of the pixels containing the 26 AKAH stations was computed. For SWE at the point scale, the reconstructed estimates showed a 27 bias of -42 mm (-19%) at the peak. For the coarser spatial SWE estimates, the various models 28
showed a wide range, with reconstruction being on the lower end. For stratigraphy, a heavily 29 faceted snowpack is observed in both years, but 2018, a dry year, according to most of the 30 models, showed more critical layers that persisted for a longer period. 
INTRODUCTION 32
There are many parts of the world where little is known about the snowpack. This lack of 33 knowledge presents a challenge for water managers and for avalanche forecasters. Afghanistan is 34 particularly austere in this respect, as there have been no snow measurements available since the 35 early 1980s. This lack of information about the snowpack potentially creates a humanitarian 36 crisis, as snowmelt fed streams run dry in the fall without warning (USAID, 2008). Accurate 37 historical estimates of basin-wide snow water equivalent (SWE) are crucial for creating a 38 baseline of climatological conditions, which can then aid in predicting today's SWE. For 39 example, climatological estimates of spatially-distributed SWE are the most important predictors 40 in machine learning statistical models for this region (Bair et al., 2018b) . 41
To improve our knowledge about the snowpack in these areas, we have developed an approach 42 that requires no in situ measurements. Using satellite-based estimates of the fractional snow-43 covered area (fSCA) and downscaled forcings in an energy balance model, we build up the 44 snowpack in reverse, from melt out to its peak, using a technique called SWE reconstruction 45 (Martinec and Rango, 1981 In 2017, we received daily manual snow depth and other meteorological measurements from 54 nearly 100 stations ( Figure 1 ) in an operational avalanche network (Chabot and Kaba, 2016 
75
Although there have been a large number of studies examining the glaciers of High Mountain 76 Asia, there are fewer studies examining snowfall in High Mountain Asia, which is odd since 77 hydrologically in this region, snow on land melt provides the vast majority of runoff compared to 78 snow on ice and melting glacier ice (Armstrong et al., 2018) . Many of these studies are focused 79 on the region to the east of the AKAH study area shown in Figure 1 . To our knowledge, there 80 have been no studies on snowpack stratigraphy in the AKAH study area and we were unable to 81 obtain any snow pit measurements from this area. 82
LITERATURE REVIEW 83
A few studies have specifically examined snowfall in larger regions that include some of the 84 AKAH stations, mostly for stations in the southern basins that flow into the Indus River; that is 85 all of the stations in Pakistan. The rest of the stations in Afghanistan and Tajikistan flow into the 86 Amu Darya River. The most comparable study (Shakoor and Ejaz, 2019) examines the Passu 87 catchment in the Hunza River Basin, to the east of Figure 1 . As in this study (Section 5.1), 88 Shakoor and Ejaz (2019) also use the SNOWPACK and Alpine3D models. Model parameters 89 were calibrated using a single weather station, Urdukas at 3926 m elevation near the Baltoro 90 (Raup et al., 2007 prediction when supplied only with snow depth for precipitation, as well as the other requisite 154 forcings (i.e. radiation, snow albedo, temperatures, and wind speed). Over a 5-year period using 155 hourly in situ measured energy balance forcings and a snow pillow for validation at a high 156 elevation site in the western US, the SNOWPACK modeled SWE showed a bias of -17 mm or 157 1% (Bair et al., 2018a) . 158
METHODS 159
Our modeling approach consisted of: a) downscaling forcings in ParBal and reconstructing SWE; 160 b) combining the downscaled forcings for each AKAH station with temporally interpolated 161 manual snow measurements; c) running SNOWPACK for each of the AKAH stations with the 162 downscaled and interpolated measurements from a) and b); and d) running Alpine3D using the 163 output from SNOWPACK, notably the hourly precipitation. In addition to predicting SWE, the 164 SNOWPACK/Alpine3D coupled model also predicts stratigraphic parameters useful for 165 avalanche prediction, thereby giving us an idea of the layering and stability in this region. For 166 comparison, we also ran the NOAH-MP land surface model over the region with widely-used 167 forcings. We also compared spatial estimates of SWE from GLDAS-2. Methods are summarized 168
in Table 1 and explained below, with more detail provided in Appendix A. 169 the only variables to use from the AKAH stations. The HS appeared to be the most reliably 216 measured, as that only requires reading a value from a master snow depth stake. The HN was 217 used to correct a data entry problem in 2017 that we discuss below. The reliability of the other 218 measurements (instantaneous wind speed/direction, maximum/minimum temperature, and 219 rainfall) was questionable. For example, we were not provided with sensor or measurement 220 metadata, e.g. sensor make/model, measurement height, and whether or not the temperature 221 sensor was shielded from shortwave radiation. These other measurements taken daily were also 222 of limited value for interpolation to hourly values (see item 3 below). Thus, these other 223 measurements were not used. 224
SNOWPACK and Alpine3D
The AKAH dataset had a number of shortcomings that we list here along with how we addressed 225 them. 226 1) Some of the stations recorded no snow at all, especially in the dry 2018 year, or had obvious 227 problems, so they were excluded. For 2017, 52 (54%) of stations were used. For 2018, 41 228 (46%) stations were used. 229
2) There were spurious drops in the HS measurements. The drops were clearly cases of missing 230 values being filled with zeros. These measurements were manually flagged and converted to 231 null values for interpolation, see below. 232
3) The daily measurements had to be interpolated to hourly values. For the most part we used 233 linear interpolation, although this is not ideal during snow accumulation since it's almost 234 never the case that snowfall is uniform over a 24-hr period. This is a problem that affects the 235 accuracy of snow settlement estimated by SNOWPACK. For all of the other model comparisons, we resampled all of the model output to a UTM (Zone 298 43S) grid with 25 km pixels, close to the native resolution of the NOAH-MP and GLDAS2 grid 299 used (0.25º). The ParBal output had to be significantly upscaled from 500 m to 25 km using 300
Gaussian Pyramid reduction (Burt and Adelson, 1983) in steps with bilinear interpolation for the 301 final step. 302
RESULTS AND DISCUSSION 303
The relationships between the components are summarized in Figure 2 . The results discussed 304 below are comparisons of: 1) SWE and 2) snow stratigraphy across a) all of the AKAH stations 305 (points) and b) the entire study region. 306 307 
Point comparisons between SNOWPACK and reconstructed SWE

315
To create a holistic comparison for all the stations across the ablation period, mean SWE values 316 were computed and plotted for each day during the ablation season (Figure 4 ). For the 317 reconstructed SWE on 19 February 2017, the bias is -77 mm (-28%). For the reconstructed SWE 318 on 26 February 2018, the bias is -6 mm (-9%). Thus, together these biases average to -42 mm (-319 19%) . The increases in reconstructed SWE during the ablation season are caused due to 320 differences in how melt is summed for any given pixel. In ParBal, melt is only summed during 321 periods of contiguous snow cover. This means that if a pixel containing an AKAH station has no 322 snow on it at some point during the ablation season, but then snow is detected, it causes an 323 increase in the mean SWE. This is called an ephemeral snow event, i.e. snow that disappears and 324 reappears. For a more in depth examination of the error at individual stations, a box plot is 325
shown for the median peak SWE dates for both years ( Figure 5 ). The median bias of the 326 reconstructed SWE is -11 mm (-14%). 327 Since pixels do not contribute uniformly to melt, SCA alone cannot be used to predict SWE, but 364 in general years with less snow have lower SCA values towards the end of the ablation season. 365 Figure 8 shows that 2017 and 2018 were similar in terms of SCA from April through melt out. 366
Thus, the large difference between 2017 and 2018 for the AKAH station SWE, but small 367 differences in SCA and spatially-averaged reconstructed SWE, suggest that 2017 may have been 368 a larger snow year at the lower elevations where the AKAH stations are, but similar to 2018 at 369 the higher elevations. 370
Stratigraphy and stability 371
The simulated snow profiles from the AKAH stations (Figure 9ab ) and the 25 km pixels 372 containing the AKAH stations (Figure 10ab) show very different snowpacks. Because of the 373 induced increase in elevation from scaling (e.g. from an average of 2619 m to 3858 m, Section 374 6.2), the 25 km pixels show a deeper, but more faceted snowpack with critical layers that persist 375 for a month or longer. In 2017, for the median AKAH station values, the snowpack reaches a 376 maximum of 76% facets on January 21 (Figure 9a ). In 2018, the snowpack reaches a maximum 377 of 71% facets (Figure 9b ). There were no critical layers simulated. In contrast, for the median 378 values in the 25 km pixels for both years, the height of snow (HS) is approximately 2 × that for 379 the stations (Figure 10ab) . The snowpack reaches a maximum of 94% facets in 2017, with one 380 critical layer persisting for 35 days (Figure 10a ). The snowpack in 2018 reaches 95% facets with 381 1 or 2 critical layers persisting for 80 days (Figure 10b ). During the Nuristan avalanches on 4 382
February to 7 February 2017 that killed over 100 people (United Nations, 2017), the AKAH 383 stations show the largest 3-day snowfall of the study period (Figure 9a ) and the results for the 25 384 km pixels show that large snowfall occurring on top of the only critical layer of the season 385 (Figure 9b ). That is a classic avalanche scenario, i.e. a large snowfall on a weak snowpack. 386
In lieu of any type of snow profile from this region, these profiles paint the best picture of the 387 snow conditions available. A relatively stable snowpack seems to be present in the valleys, 388
where the AKAH stations are located. But at the higher elevations, the simulated profiles show a 389 more dangerous snowpack. This is especially serious considering these villages are in the runout 390 zones of these unstable snowpacks. In some cases, several thousand meters of vertical relief 391 loom above the villages. Asia. In this study, two years of daily snow depth measurements from these stations were 400 combined with downscaled reanalysis and remotely-sensed measurements to force a point and 401 spatially distributed snow model. Compared to a previous effort (Bair et al., 2018b) , this study 402 represents a substantial improvement in SWE modeling for the region, and a first attempt to 403 characterize region-wide snow stratigraphy. At the point scale, SWE estimates from a 404 reconstruction technique that does not use precipitation or in situ measurements compared 405 favorably. At the regional scale, four models showed a wide spread in both peak SWE and melt 406 timing. The simulated profiles showed very different snowpacks. At the point scale at lower 407 elevations in the valleys, profiles showed fewer facets and almost no critical layers, while at the 408 regional scale for higher elevations, the profiles showed heavily faceted snowpacks with critical 409 layers that persisted throughout the winter and spring. 410
CODE AND DATA AVAILABILITY 411
The code for ParBal is accessible at: https://github.com/edwardbair/ParBal 412
The code for MeteoIO, SNOWPACK, and Alpine3D are accessible at: https://models.slf.ch/ 413
The code for NOAH-MP is accessible at: https://ral.ucar.edu/solutions/products/noah-414 multiparameterization-land-surface-model-noah-mp-lsm 415 Plots were assumed to be level, so forcings without terrain correction were applied except for 455 shading when the sun was below the local horizon, e.g. a mountain blocking the sun (Dozier and  456 Frew, 1990). The wind direction, which is not available in GLDAS-2, was fixed at the mean 457 value from the daily AKAH instantaneous values. The ground temperature was set as the 458 minimum of the air temperature or -1.5ºC when snow cover was present. 459
Aside from setting required parameters and values for inputs and outputs, changes to default 460 parameters that affected model output are provided in was run at an hourly timestep using hourly forcings, with daily outputs using the "enable-eb" 467 switch. Other switches were set to off, the defaults. The "enable-eb" switch computes the terrain 468 radiation with shading and terrain reflections (see Alpine 3D documentation at 469 https://models.slf.ch for a description). 470
To extend the length of the model runs, for each AKAH stations, GLDAS-2 precipitation was 471 appended to periods prior to the first AKAH observation for the year and after the last, as 472 described in Section 5.4. 473
The forcings were hourly: incoming shortwave, incoming longwave, air temperature, relative 474 humidity, wind speed, wind direction, reflected shortwave, accumulated precipitation, and 475 ground temperature. 476
Critical to Alpine3D are the interpolation methods from MeteoIO to spatially distribute 477 precipitation and other forcings. We found the modeled SWE to be highly dependent on the 478 spatial interpolation of precipitation. Our initial approach was to explore local (i.e. with a given 479 radius from a station) and regional (i.e. all AKAH stations) lapse rates in the measured snow 480 depth and modeled precipitation from SNOWPACK. We found almost no correlation in many of 481 the measurements, not surprising given the complexity of the terrain and likely existence of 482 microclimates with substantial influence on precipitation. Without having a good validation 483 source for spatial precipitation (as is the case for all of High Mountain Asia), we selected an 484 interpolation method that yielded relatively smooth results, but showed increases in precipitation 485 with elevation. 486
Ultimately, we decided to use an inverse distance weighting scheme with elevation detrending 487 (IDW_LAPSE) and a multilinear option. For this method, the input data are detrended, then the 488 residuals are spatially interpolated according to an inverse distance weighting scheme. The 489 detrending uses a multiple linear regression with northing, easting, and altitude. The linear 490 regression has an iterative method for removing outliers. Finally, values at each cell are 491 retrended using the multiple linear regression and added to the interpolated residuals. 492 A summary of the interpolation methods, all of which are defined in the MeteoIO documentation 493 (Bavay and Egger, 2014) , is given in 
495
The same parameters as in Table A2 for SNOWPACK were used in Alpine3D with changes 496 shown in Table A4 . Other parameters were defaults. 497
Parameters
Value Description CALCULATION_STEP_LENGTH 60 min 1 hr model timestep ENFORCE_MEASURED_SNOW_HEIGHTS FALSE Use accumulated precipitation estimate from SNOWPACK Table A4 Model parameter changes for Alpine3D from Table A2 498 AUTHOR CONTRIBUTION 499 DC provided the AKAH dataset. JA ran the NOAH MP simulations. KR prepared the snow 500 surface properties dataset. EB processed the data and prepared the manuscript. 501
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